INTRODUCTION
Nowadays, many goods and services that correspond directly to human feelings are supplied to ordinary consumers. Many consumers prefer to buy products with background information and reviews from people who have used the products. However, people have different reactions and feelings about a product. Because they have different emotional reactions, needs, and physiological characteristics, a model must be able to incorporate and reflect users' emotional feelings based on physiological parameters. For this reason, companies strive to assess consumer satisfaction with their product and to discover how it can be improved.
Kansei engineering is a method that can explain consumer characteristics, based on user insights, to the producer when designing new products. Kansei modeling helps us to interpret a user's intention of using a product and thereby produce more desirable goods, which can in turn improve company profits. A practical Kansei model is expected to describe individual users' preferences for a product or a service [1] . Unfortunately, the human Kansei is extremely complicated. A simple model that explains emotional feelings based on a user's physiological states is needed.
In this study we intend to introduce the Correlated Bayesian network method to discover a graphical Kansei model to improve Kansei engineering for new concepts. A Bayesian network can explain relations among various elements in a single structure [2, 3] . Bayesian networks are useful for simulating Kansei information related to psychological and physiological factors. To describe Correlated Bayesian network usage, we used experimental data related to cosmetic facial packs.
Different mask materials are produced for purposes such as facial cleansing, healing, and brightening. Each is designed with different constituent materials, factors, and standards. We explain the testing process of such facial packs using skin factors and human feeling factors derived from a feedback questionnaire. Emotion is an obscure concept. The Correlated Bayesian network helps us to infer a relation between a material concept (skin 'factors') and human feelings.
We regard the purpose of this project as offering a flexible model to plan Kansei connections as a Bayesian network. We do not expect to present an ideal Bayesian network that can be retrieved from an experimental dataset. Nevertheless, this is a first step in designing Bayesian Kansei modeling. It can be improved through further studies.
EXPERIMENT

Facial Packs
We used facial packs of four kinds (two for Sedation and two for Whitening) offered as Bienargy Color Preserve ® products (CBS Inc. 
Subjects
Because most facial mask consumers are women, we asked 24 women, most of whom were university undergraduate students (mean 27.4 yr, S.D. 8.0 yr), to participate in paid surveys for two days with an intervening week. We used facial packs of two kinds (Sedation and Whitening) for subjects who had been divided randomly into two 12-person groups.
Experimental environment
This experiment was conducted during winter in Hokkaido. Room temperature was controlled to 20-25°C. Relative humidity was maintained at 40-60% using a steam humidifier. Skin moisture and lipids are directly dependent on temperature and humidity. Therefore, the facial pack effectiveness might vary among climates.
Procedure
One experiment set was performed for each of two days. For the first day, colored packs were used, but colorless packs were used for the second day. The experiment began with a questionnaire soliciting personal information such as body weight, daily habits, and smoking ( Fig. 1) . Next, each respondent was asked to wash her face in preparation for the experiment. As the first step, before using the pack, the skin factors of moisture, lipid, and melanin data were measured. Then the pack was applied for 10 min. After the pack had been cleaned off, the user was asked to wash her face. At that time, all three skin factors were checked. The subject was asked to relax for 5 min. This step was repeated twice, but after each 5 min period, only the moisture quantity was measured to trace how skin moisture changes after applying a pack. Finally, the subject was asked to complete a second questionnaire comprising 38 questions related to the skin effects of the pack, the manner of pack application, and the user's feelings.
Measurement
For this study, we used an MPA multi-probe adaptor (Integral Corp.) developed by Courage-Khazaka Electronic GmbH [4, 5] . The MPA has three probes: Corneometer CM 825, Sebumeter SM 815, and Mexameter MX 18.
The Corneometer CM 825 estimates the epidermal moisture by measuring the permittivity of the stratum corneum. A diffuse electrical field created by this probe permeates the skin through a thin sheet of glass. This permittivity probe is not influenced by any chemical substance or salt contained in the cosmetics.
The Sebumeter SM 815 measures skin surface lipids. The probe, a plastic tape, is put on a skin region for 30 s. The lipids of the region adhere to the probe. The quantity of lipids is then estimated according to the change in transparency of the tape (µg/cm 2 ). The lipids were not measured in two sets of experiments because the sebumeter was not available at those times.
The Mexameter MX 18 measures the quantity of melanin. Light of specific wavelengths is emitted from the probe to the skin. The quantities of melanin and erythema are calculated according to the ratio of absorbed light.
The moisture quantity was measured four times for this study. Skin lipids and melanin were measured twice. Moisture and melanin values based on the instrument manual were recorded seven times for each measurement, but lipid values were recorded only once. 
DATA MANAGEMENT
Data Purification
We have seven records for each time value of moisture and melanin, which must be converted to one value for each time. First, we remove the maximum and minimum values of records. Then we use the average of the five remaining records as a value for each time. This technique improves the measurement accuracy.
Questionnaire Results
The final questionnaire comprises 5 questions related to a user's skin feeling, we use these questions to estimate emotions as a parameter. The responses to questions are based on a five-point Likert scale (Fig. 2) . Respondents are asked to describe the pack's pleasantness, likeness, familiarity, and skin smoothing and refreshing feeling after applying the pack.
Formatting
For evaluation of the correlation between values and states, we sorted all data--skin moisture, melanin and lipids, pack type, and user's feelings--in a computer spreadsheet file, sorted as records for each subject. For this study, we used data of two types: experimentally obtained results and questionnaire reports.
Some factors such as skin lipids were measured in micrograms per square centimeter, which is a continuous value. In contrast, user feedback obtained using the SD method constituted discrete values. For analyses, all data were put into an identical format: all continuous data, including those for melanin, moisture, and lipids, were discretized to four levels (low, normal, high, and super high). For example, as presented in Fig. 3 , moistures were of four states: under 50 (low), 50-65 (normal), 65-80 (high), and more than 80 (super high). For this study, we used Genie2.0 to create a Bayesian Network for discretizing data. We produced states by considering both the uniform space between states and uniform counts of states to the greatest degree possible.
CORRELATED BAYESIAN NETWORK
For this study, we combine the Bayesian network with correlation analysis to create a Kansei model. The correlation matrix expresses Kansei connection of parameters and Bayesian network improves the Kansei prediction process for specific conditions.
Correlation Matrix
Results of this analysis show that the melanin and forehead lipids have less correlation to other factors. Therefore, by considering the design rules of our Bayesian network (section 4.2.), we can dispose of them. Our correlation matrix includes moisture values for measurements obtained once before and three times after the pack, face lipid values for before and after the pack, pack type, pack's pleasantness, likeness, familiarity, and skin smoothing and refreshing feeling after applying the pack. Table 1 presents the correlation matrix with "Mo", "F.L.", "B", and "A" as respective representations of "Moisture", "Face-Lipid", "Before" and "After".
Bayesian Network
The network design is based on prior knowledge of the experiment, a correlation matrix, and learning parameters in the Bayesian Network [6] . We consider that human emotions related to facial packs correspond to the condition of skin moisture and lipids. All structural design, discretization of data, learning parameters, and the Bayesian inference model were done using Genie 2.0, a graphical user interface of the Structural Modelling, Inference, and Learning Engine (SMILE) written in C++ language [7] .
In the first step, we define the child-parent matrix [8] . This matrix presents all nodes that are useful as a parent for a specific node as a child. For example, this matrix indicates to us that we can use the Moisture-Before, FaceLipid-Before and Type nodes as parents for the Moisture-After node as a child (Table 2 ). Technically the skin factors after applying pack can not affect to the skin moisture or lipid before using pack.
A minimum acceptable correlation value is also needed for selecting appropriate parents. However, because we have parameters of two types--physiological and psychological--we consider two values. First, 0.35 is to compare the same type of parameter and 0.11 is for parameters of different types. Next we begin building the Bayesian network based on a correlation matrix, a child-parent matrix, and two minimum acceptable values. For each node we make a link from an acceptable parent node to child with respect to a child-parent matrix if the correlation between parent and child is greater than the minimum value. Furthermore, this sequence will be repeated for other nodes. The outcome of this process is a Bayesian network that assesses all conditions, but this graphical model is extremely complicated. A more simplified model must be used to discuss Kansei information between physiological and psychological nodes. Therefore, we decided to clean up this network. We remove the connection link between parent A to child C if a node like B exists, which is a child of node A and a parent for child C. In other words, we clean the direct connection of grandparents to a grandchild. The final network is ready after learning Bayesian network parameters from a discrete dataset (which is prepared in section 3.3) using SMILE. The new Bayesian network presents our final version, which is simpler, faster in computing and which describes simply details related to the experiment.
Accuracy
For this study, we use a small dataset. To evaluate the accuracy of the Bayesian network, we used leave-one-out cross-validation (LOOCV) [9, 10] . For this method, we use single data as testing data and the remaining data for training data. Then we consider the difference between testing and Bayesian network responses as error data.
This process is repeated for each single datum in the dataset. Finally we use average errors for the inaccuracy of the system. We used a state scoring method to evaluate the Bayesian network forecasting error based on equation 1 [11] . In this equation "n", "X", "S", "k", "g" and "Data" respectively represent number of nodes, node X, the state of node X, the number of states of node X, our suggested Bayesian network, and testing data, which are separated using LOOCV. As much as the suggested Bayesian network (BN) shows greater probability of success for observed state of node X in testing data; the error appears to be smaller and the network is more reliable. For example presuming that a node has two states (s1, s2) and that the state seen for this node in testing data is s2, then, if BN shows 20% of success for s1 and 80% for s2, then the forecasting error, according to eq. 1, is 0.2 of a state for this node. The forecasting error is reduced by increasing the dataset size. 
RESULTS & DISCUSSION
As described earlier, we proposed a practical method to produce a Kansei model based on a Bayesian network. To this point, we have specifically addressed the design of this Table 2 : Child-parent matrix (rows present children; columns show parents) Bayesian network. The final network is presented on Fig.  4 -A. To describe this network, we must make a comparison between our suggested Bayesian model and a model that is generated with another algorithm. Therefore, we produced a Bayesian network based on Greedy K2 method. K2 is a score-based greedy search algorithm for learning Bayesian networks from discrete data (Cooper and Herskovits 1992) [12] . Figure 4 -B shows the Greedy-K2 network obtained by considering a predefined child-parent matrix (Table 2) . This network is generated by BayoNet [13] . The first view presents our suggested network as integrated, but the Greedy network is divided to three parts: a physiological network, a psychological network, and a Type node. Greedy can not explain any Kansei relation between these parts. However, network A describes how users' feelings vary with pack types and skin conditions. In our experience, we can measure the skin moisture and face lipid before applying a pack. Therefore, we regard these observations and pack type as evidence in a network and assess the changes of other parameters as a result. Table 3 presents forecasting error (section 4.3) for the Greedy network and our network based on LOOCV method. As might be apparent, both models have almost identical mathematical behavior. The quantity of error in this experiment, for this size dataset (48 members), is acceptable. However this is merely a simulation to show that a Kansei model can be extracted using a Bayesian network and correlation matrix.
As depicted in Fig. 4 -A, we can explain each user's feeling by consequences of other factors. For example, a smooth feeling is a result of pleasantness and change in the face lipid condition; of which pleasantness also is a consequence of skin refreshment and skin familiarity. It also shows the changes in skin moisture brings refresh feeling right after removing the pack but it needs time to show up as likeness for users. By considering the dataset size and the procedures used to conduct the experiment, we can infer that this is an approximate graphical Bayesian network.
Bayesian network models are flexible: the definition of input-output for a node on a network depends on the purpose of usage. In our study, we seek a means to describe Kansei information for individual users. For this part, we explain some applications of the Correlated Bayesian network.
First, Fig. 5 -A shows the effect of the sedation pack on a subject with skin moisture of less than 50 and skin lipid of 10-20 µg/cm 2 . Skin moisture of 18% of subjects in a similar case remains at the previous level, but 59% of them moved to state 2 (50-65), 21% improved to state 3 (65-80) and 2% improved to state 4 (greater than 80). Our subjects' skin lipids were placed on state 2. Furthermore, skin lipids of 80% of users in similar cases did not change. Of those, 20% decreased to state 1 (less than 10 µg/cm 2 ).
As shown in Fig. 5 -B, we seek the most appropriate pack type for a subject with skin moisture higher than 80 Figure 4 : Network (A) on the left presents suggested model and (B network) on the right is generated graph by Greedy Table 3 : Forecasting error for two networks and skin lipid higher than 60 µg/cm 2 . For such cases, the skin factors and desired Kansei feeling are set as evidence and the type node presents the appropriate pack type for users. As Fig. 5-B shows, the node Type shows that Sedation with 72% might be more suitable for such subjects. However this is merely a simple simulation of Correlated Bayesian method to describe how we can start Kansei modeling for non-experts in new Kansei domains. We hope to conduct new experiments with more numerous respondents to complete this research. 
